This paper presents a method for vectorizing paper drawings (raster). The method consists of skeletonizing the input image, segmenting the skeleton based on junction detection and recognizing primitives using genetic algorithm. The method is tested on different images and compared with previous works, results are promising and show the high accuracy of our method.
INTRODUCTION
Nowadays, virtual reality (VR) and augmented reality (AR) technologies are needed more than ever. Those technologies are used in many environments for different purposes. For example, in the industrial field, VR and AR can be used for marketing purpose to offer to the client an interactive 3D model of the product. In addition, they can be used for training purposes to teach new employs to install and repair different parts safely. Paper drawings are highly available, in particular when coming to old manufactured components. Therefore, the need for a computer-aided system converting paper drawings to 3D models is essential. The conversion from paper drawings to 3D models can be divided into two main problems. First, raster to vector conversion, known as vectorization, which mainly contains two sub-problems: texts/graphics separation and primitives detection. Second, 2D drawings to 3D models conversion.
In this paper, unlike the approaches detailed in section 2, we propose a vectorization algorithm comparing primitives and selecting the best one without extracting (remove detected pixels) or fragmenting. This system segment skeleton using junction detection algorithm and primitive recognition using a genetic algorithm by maximizing the number of pixels of the primitive. Currently, the algorithm detects only straight lines, circles and arcs primitives nevertheless it can be easily extended to detect other primitives.
The outline of the paper is given as follows: Section 2 presents related previous work of the vectorization problem. We present in Section 3 the proposed method of raster to vector image conversion. Section 4 describes the experimental results obtained for the image conversion. The conclusion and some perspectives of this work are given in Section 5.
RELATED WORKS
Image representation is classified into two categories, raster and vector. Raster images are based on pixels, however, vector images are based on geometrical shapes. The main advantage of vector images is their ability to be scaled without affecting the resolution.
To the best of our knowledge, 3D reconstruction algorithms Ç ıçek and Gülesın (2004); Liu and Ye (2005) ; Lee and Han (2005) have as input vector images. However, paper drawings are scanned and saved as raster images. Thus, the aim of this paper is to propose a method to convert raster images into vectors.
Vectorization is a well-known issue in computer vision. Several methods Dori (1997) ; Mandal et al. (2010) ; Hilaire and Tombre (2006) ; De et al. (2016) ; Chen et al. (1996) ; Song et al. (2002) have been proposed to vectorize raster images for various objectives. Yuan Chen et al. Chen et al. (1996) developed RENDER which is a vectorization system showing interesting results. However, this method is sensitive to noise and variation of resolution. Additionally, the inability to recreates all arcs is another weakness of this approach. Orthogonal zig-zag Dori (1997) Mandal et al. (2010) vectorize horizontal and vertical line segments by using mathematical morphological tools. Also, some digital geometric properties of straightness are used to vectorize inclined and curve line.
One of the most interesting and robust algorithms was done by Hilaire et Tombre Hilaire and Tombre (2006) who used 3-4 chamfer distance for extracting skeleton and maintaining all geometrical features. By using random sampling and fuzzy primitives, the skeleton is segmented. This method is accurate, robust to noise and precise to junction points localization. However, this method only detects arcs and line segments and has a high computation complexity. More recently, Parmita De et al. De et al. (2016) proposed a method called ASKME which uses also 3-4 Chamfer distance skeletonization. Parmita De et al. propose to segment primitives by label connected components after deleting all junctions. An adaptive sampling method is used to detect and classify primitives based on mechanical domain knowledge. This method has several interesting features but still, Hilaire et Tombre method is more accurate in terms of circle detection.
These systems yield good results, but they can fragment primitives and decrease the accuracy of circle detection by extracting detected lines before circle detection or fail to correctly recognize some primitives which is contrary to our goal. Despite the existing systems for vectorization, there is room for improvement in this domain.
PROPOSED METHOD
The proposed method (see figure 1) aims to vectorize raster drawings. The algorithm uses a binarization and a filtering method to enhance the input image. It uses (3,4) chamfer distance skeletonization algorithm to generate the skeleton image. In addition, it uses a junction detection algorithm to separate primitives and a genetic algorithm to detect straight line and circles/arcs equations and endpoints. Those equations and endpoints are used to produce vector drawings. 
Preprocessing
The preprocessing step is divided into four stages: Binarization, Noise Filtering, skeletonization and junction detection. The output of this algorithm is a clean wellshaped skeleton with labeled junctions.
Binarization and Filtering
Due to the binary type of most source images used to be analyzed, the binarization stage is considered as optional. However, if the input image is not a binary image, then Otsu algorithm is used to binarize it. Concerning the filtering process, most noises generated by scanners are salt and peeper noises. A bench of effective filters can be used for this type of noise, we choose the median filter, which mainly replaces each pixel with the median of neighboring entries.
Skeletonization and Segmentation
Skeletonization algorithms are widely used for drawings vectorization. Chamfer distance skeletonization proposed by Di Bajadi Baja (1994) is used in our method for different reasons. First, this skeletonization method produces a wellshaped skeleton. Second, 3,4 chamfer distance skeletonization is robust to noise. Moreover, this algorithm is reversible so we can predict the original thickness of line drawing. Those features are discussed in detail in Hilaire and Tombre 2006. After generating the skeleton, a junction detection algorithm detects and label junctions of the skeleton. The junction detection algorithm counts the detected pixels in 8-neighbors and classifies the selected pixel based on the number of detected pixels. When the number of detected pixels is less than two the selected pixel is classified as an End-Point pixel. However, if more than two pixels are detected the selected pixel is classified as junction Arganda-Carreras et al. (2010) . A skeleton with labeled junction points is generated and used as input for the genetic algorithm which is explained in section 3.2.
Genetic Algorithm
A Genetic algorithm is a heuristic search method inspired by evolutionary biology and is widely used in image processing and pattern recognition Lutton and Martinez (1992) ; Zhang et al. (2003) fields. In this paper, the Genetic algorithm is implemented to detect primitives (circles/arcs and straight lines). The aim of this method is to vectorize raster engineering drawings.
As mentioned before, the output of the previous stages is a skeleton image whit labeled junctions. This image is treated to generate two lists J and P where J contains junction pixels coordinates and P contains the rest of skeleton pixels coordinates. P is used to generate a list CC of connected components sorted based on their length. The longest connect component LC is selected to be the input of the genetic algorithm. An algorithm is implemented to optimize connected components by calculating the distances between endpoints and joining components when the distance is smaller the threshold T HC (T HC is obtained by computing the maximum length in longest connected components in J). The genetic algorithm generates individuals using coordinates belonging to LC. Those individuals estimate the equation of LC and calculate their fitness function. A selection, crossover and mutation algorithm is used to generate new individuals. The best individual is saved and pixels belonging to it are deleted (The fitness function use a static copy of list P where pixels are not deleted see section 3.2.2). In case LC is composed of several primitives, the genetic algorithm loops until the number of pixels belonging to LC reach a certain threshold T H. Each loop, the algorithm select a primitive and update CC and LC. The algorithm loops until the length of P reach a certain threshold T H. (see Algorithm 1) The output of the algorithm is a set of solutions structured as follows:
where (x EL1 , y EL1 )and((x EL1 , y EL1 ) are the endpoints of the straight line and verifying mx + ny + c = 0 .
• Arc solution:
where (x EL1 , y EL1 ) and (x EL1 , y EL1 ) are the endpoints of the arc and verifying (x 0 − x) 2 + (y 0 − y) 2 − r 2 = 0.
• Circle solution:
Individuals Generation
In this stage, we select LC from CC and use its coordinates to produce individuals. A random list LI of two different categories of individual is generated:
• Individual 1 (I1) is created by selecting two distinct points belonging to LC. These points are used to generate the coefficients of a straight line equation. I1 is structured as follow: {(x 1 , y 1 ), (x 2 , y 2 ), [m, n, c]} where (x 1 , y 1 ), (x 2 , y 2 ) are the coordinates of chosen points. • Individual 2 (I2) is created by selecting three distinct points belonging to LC. These points are used to generate the coefficients of a circle equation. I2 is structured as follow: {(x 1 , y 1 ), (x 2 , y 2 ), (x 3 , y 3 ), [(x 0 , y 0 ), r]} where (x 1 , y 1 ), (x 2 , y 2 ), (x 3 , y 3 ) are the coordinates of chosen points. the length of LI is equal to k I and k I1 = k I2 = k I 2 where k I1 and k I2 are respectively the length of individuals generated of type 1 and type 2.
To summarize, we generate 50% of individuals of type 1 and 50% individuals of type 2. Those individuals are considered as solutions (equation of LC) and they are sorted based on their Fitness Function.
Fitness Function
The fitness or evaluation function appraises solutions and sorts them according to the closeness to the opti- mum solution of the problem. To calculate the fitness function of each individual in I, we save all pixels in P that belongs to the equation of each one (With tolerance ±1 pixel). The fitness function is used to rate individuals based on the length of a longest connected component of detected pixels LCS (taking into consideration that LCS ∩ LC = 0). Several equations can detect the same length of LCS due to this tolerance.
To be more precise, we sum and average the distance between detected pixels in LCS and the solution equation, then we subtract it from the length of LCS. The fitness function is expressed as following:
where LLCS = length(LCS) and distance[i] is the distance between the primitive and pixel i in LCS
Selection, Crossover and Mutation
The selection, crossover, and mutation aim to find the optimal solution by converging previous solutions. The selection algorithm used is tournament selection. Tournament selection chooses x random individual and then choose the best one to be a parent for the next generation. After selecting parents, a crossover process generates a new population by combining a random individual with the selected parent. In addition, a mutation variable M is used to produce new individuals when M < R where R is a random value between 0 and 10. Those steps allow us to converge towards the optimal solution by generating a new population. The following example describes the crossover process:
• Selected Parent: (x 1 , y 1 ), (x 2 , y 2 )
EXPERIMENTAL RESULTS
In this section, we present the experimental results of our algorithm. The numbers of individuals, generations, line width, and T H are fixed to 40, 50, 2 and 10 respectively. To evaluate the performance of our method we use the Vector Recovery Index (VRI) score Wenyin and Dori (1997) and GREC database Liu (2003) GREC-Dataset (2003) which contains twelve images (four original images with three different conditions). Figure 2 shows the VRI scores for four previous works compared to ours. The red and purple lines in figure 2 are the average VRI scores of ten executions and the maximum VRI scores reached in ten executions respectively (For more details see table 1 in Appendix). Figure 2 shows that our method outperforms other methods for all images except four. However, results of those four images are promising and competitive with other scores. Furthermore, maximum VRI scores reached during ten executions outperform others in all images except one. Moreover, our average VRI score is the best comparing to other methods.
To the best of our knowledge, Hilaire-Tombre and ASKME methods are producing the best results as shown in table 1, those methods reconstruct junctions and estimates line width. As shown in figure 3, primitives sometimes overlap which cause the error of endpoints detection. In addition, we fixed the line width to 2 which affects VRI scores. Thus, by estimating the line width and trimming primitives we expect to improve our VRI scores. Based on the figure 4, we see that our algorithm estimate the upper arc better than the ASKME method and middle circles better than Hilaire-Tombre method. To summarize, our algorithm outperforms previous work and shows promising results. However, it needs an algorithm to unify primitives and estimate their width. 
CONCLUSION AND PERSPECTIVE
In this paper, we have presented a vectorization algorithm to convert raster images into vectors. The method is based on junction detection and genetic algorithm. Our algorithm outperforms previous works based on the VRI average score. Nevertheless, an algorithm to estimate line width and solving primitives overlapping is needed. For the perspective of this work, we aim first to implement an algorithm unifying detected primitives. Furthermore, we are looking to classify primitives and estimate their width. Moreover, we aim to separate dimension tools from graphics. 
